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O R I G I N A L  A R T I C L E
A coalescent sampler successfully detects biologically 
meaningful population structure overlooked by F‐statistics
























Assessing	 the	 geographic	 structure	 of	 populations	 has	 relied	 heavily	 on	 Sewell	
Wright’s	F‐statistics	and	their	numerous	analogues	for	many	decades.	However,	it	is	
well	appreciated	that,	due	to	their	nonlinear	relationship	with	gene	flow,	F‐statistics	
frequently	 fail	 to	 reject	 the	null	model	 of	 panmixia	 in	 species	with	 relatively	 high	




ping‐stone	model.	 In	 an	 example	 case	 study,	we	 then	 re‐analyze	 genetic	 datasets	
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McKay,	Hohenlohe,	&	Allendorf,	 2012;	Hellberg,	 2009;	 Palsbøll,	
Bérubé,	&	Allendorf,	2007;	Selkoe,	D’Aloia,	et	al.,	2016;	Waples,	
1998).	Particularly	 in	marine	 systems,	 large	population	 sizes	and	
relatively	high	rates	of	gene	flow	(via	a	planktonic	larval	stage)	co-






istic	 sample	 sizes	 (Waples,	 1998).	As	 a	 result,	 studies	of	 species	
with	 large	and	variable	population	sizes	and	moderate	gene	flow	
are	often	unable	to	reject	the	null	hypothesis	that	all	sampled	in-











stone	model,	 a	 special	 case	of	 IBD	wherein	 individuals	 are	 lumped	
into	 spatially	 discrete	 demes	 and	 dispersal	 occurs	 only	 between	





















marginal	 likelihood	 of	 alternative	models	 of	 population	 structure	
(Beerli	&	Palczewski,	2010).	 In	comparison	with	FST	methods,	co-
alescent	methods	 use	 information	 from	 genealogy	 in	 addition	 to	
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in	 the	 southeast	 to	Kure	Atoll	 in	 the	 northwest,	 the	Hawaiian	 ar-
chipelago	 provides	 an	 excellent	 test	 of	 our	 ability	 to	 characterize	
population	genetic	structure	in	a	linear	stepping‐stone	array	of	pop-







correlation	 between	FST	 and	 geographic	 distance,	with	 the	major-
ity	 showing	 some	 form	 of	 genetic	 structure	 separating	 large	 pan-








stone	 dispersal	 at	 the	 characteristically	 high	 effective	 population	
sizes	and	rates	of	gene	flow	that	are	expected	for	marine	species.	
We	then	analyze	each	dataset,	calculating	the	relative	probability	of	






Using	 IBDsim	 2.0	 (Leblois,	 Estoup,	 &	 Rousset,	 2009),	 we	 simu-
lated	 stepping‐stone	dispersal	 among	10	 equally	 sized	demes	 in	 a	
Parameter set




Effective number of 
migrants (Nem)
1 104 10−3 10
2 105 10−4 10
3 106 10−5 10
4 104 10−2 100
5 105 10−3 100
6 106 10−4 100
7 104 10−1 1,000
8 105 10−2 1,000
9 106 10−3 1,000
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one‐dimensional	lattice	with	a	fixed	proportion	of	migrants	moving	
between	 neighboring	 demes.	 We	 created	 nine	 simulated	 param-








thought	 to	 have	 undergone	 demographic	 expansion	 following	 sea	
level	 rise	 after	 the	 LGM	which	 ended	 14–20	 thousand	 years	 ago	









generations	 (i.e.,	mitochondrial	DNA,	 see	Crandall,	 Sbrocco,	 et	 al.,	
2012).	We	simulated	100	replicate	datasets	of	each	parameter	set.
For	 each	 replicate	 simulated	 dataset,	 we	 calculated	 pairwise	
ΦST	(Excoffier,	Smouse,	&	Quattro,	1992)	and	θ	(Weir	&	Cockerham,	
1984)	with	the	StrataG	package	for	R	(Archer,	Adams,	&	Schneiders,	






(a)	a	stepping‐stone	model	with	freely	varying	m/μ and Θ = Neμ	pa-










and	 other	 parameter	 file	 settings	 as	 are	 described	 below	 for	 the	
empirical	datasets.
2.2 | Migrate‐n analysis of empirical data
Empirical	 datasets	 comprised	 mitochondrial	 data	 from	 41	 species	
sampled	during	NOAA	expeditions	 throughout	 the	main	Hawaiian	
archipelago	 and	 Northwestern	 Hawaiian	 Islands	 from	 2005	 to	
2012	 (Figure	 1,	 Supporting	 Information	 Table	 S1;	 Selkoe	 et	 al.,	
2014;	Selkoe,	Gaggiotti,	et	al.,	2016;	Toonen	et	al.,	2011).	Locality	
samples	were	grouped	by	 island,	 and	each	dataset	was	 converted	
from	Arlequin	format	to	Nexus	and	migrate‐n	formats	 in	batch	via	
PGDSPiDer 2.0.5.1	 (version	 2.0.5.1;	 Lischer	 &	 Excoffier,	 2012).	 An	
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optimal	HKY	model	of	molecular	evolution	for	each	dataset	was	se-
lected	with	jModelTest	(Darriba,	Taboada,	Doallo,	&	Posada,	2012).
Parameter	 input	 files	 for	 migrate‐n	 were	 constructed	 using	 a	
custom	script	in	R.	All	models	had	identical,	windowed	exponential	











an	 inheritance	scalar	 that	 reflected	 the	haploid,	uniparental	 trans-
mission	of	mtDNA.	For	each	model,	the	coolest	chain	explored	five	
million	 genealogies,	 sampling	 every	 100	 iterations,	 and	 discarding	
the	first	two	million	genealogies	as	burn‐in.	Parameter	files	for	each	
species	and	each	model	are	available	in	the	Github	repository.
For	 each	 species’	 dataset,	 we	 created	 seven	 or	 eight	 meta-
















ping‐stone	two‐parameter	hypothesis,	K = n,	1	Θ	parameter,	1	m/μ 
parameter),	 or	 allowing	 each	 parameter	 to	 vary	 freely	 (stepping‐









Palczewski,	 2010).	We	 then	 reran	 all	models	 for	 all	 species	 two	
more	times	for	a	total	of	nine	replicate	runs	of	each	model,	yielding	





Information	 Figure	 S1),	 so	 we	 took	 the	 mean	 marginal	 likelihood	
values	across	the	three	replicate	runs.	To	accommodate	variance	in	
estimated	log‐likelihood	across	replicates,	we	tested	for	significance	





































































































































Nem = 10 Nem = 100 Nem = 1,000




mutation	 t	 test	p‐value	>	0.05	were	considered	 to	have	significant	
ambiguity	in	their	top‐ranked	metapopulation	model.












Finally,	we	 asked	whether	 life	 history	 traits	were	 predictive	 of	
metapopulation	model	(e.g.,	Does	a	long	pelagic	larval	duration	lead	









nificance	of	 each	predictor	was	 tested	using	 a	 z	 test	with	 the	 test	
statistic	calculated	as	the	model	coefficient	divided	by	 its	standard	




























































































































k = 10 Stepping−Stone, 28 parameter
k = 10 Stepping−Stone, 2 parameter
k = 5 Stepping−Stone, 13 parameter
k = 5 Stepping−Stone, 2 parameter
k = 10 Island, 2 parameter
k = 5 Island, 2 parameter
k = 1 Panmixia
Nem = 10 Nem = 100 Nem = 1000









6,	ΦST	 was	 more	 likely	 to	 be	 significant	 with	 distance	 at	
Nem	=	10,	while	θ	was	more	 likely	to	be	significant	with	distance	
when Nem	=	1,000.	ΦST	ranged	from	18%	to	86%	of	datasets	with	





one	exception	(Figure	5).	 In	one	of	ten	datasets	for	Ne = 10
4,	the	
full	 28‐parameter	 stepping‐stone	 model	 was	 selected.	 Similarly,	
for	parameter	sets	where	Nem	=	100,	migrate‐n	selected	the	true	
model	 in	 every	 case	 except	when	Ne	 was	 10










Parameter	 estimates	 for	Nem and Ne	 were	 consistently	 about	
one	 twentieth	 to	one	half	of	 the	 true	simulated	value	 (Supporting	
Information	 Figure	 S2).	 We	 attribute	 this	 outcome	 to	 the	




































































































































































































































































































































































































































































Migrate‐n	 inferred	 some	 form	 of	 stepping‐stone	 model	 for	 18	 of	
26	species	for	which	the	model	was	unambiguous	 (69%;	Figure	6).	
Regional	structure	was	inferred	for	three	species,	the	sergeant	major	
Abedefduf abdominalis,	spinner	dolphin	Stenella longirostris, and yel-
lowstripe	goatfish,	Mulloidichthys flavolineatus.	For	all	three	of	these	
species,	migrate‐n	analysis	confirmed	inferences	based	on	FST	of	re-
























3	×	10−4	(Cellana talcosa),	and	the	highest	was	9.9	×	105	 (Chaetodon 
lunulatus).	The	lowest	Θ	value	for	any	species	was	2.9	×	10−6	(Cellana 
exarata),	while	the	highest	value	was	4	×	10−1	(Gymnothorax flavimar‐




The	 limpet	 Cellana exarata	 was	 the	 only	 species	 that	 showed	





















inference?	For	 this	 reason,	we	conducted	extensive	 simulations	 in	
the	 large	population	 size	 and	high	 gene	 flow	 region	of	 population	
genetic	 parameter	 space	 that	 is	 occupied	 by	most	marine	 species	
(Gagnaire	 et	 al.,	 2015;	Waples,	 1998).	We	 found	 that	migrate‐n	 is	
able	 to	 return	a	correct	 inference	of	some	form	of	stepping‐stone	
model	 (including	 regional	 structure)	 in	100%	of	 cases	where	gene	
flow	is	100	effective	migrants	per	generation	or	less	(Figure	5).	This	
compares	quite	favorably	to	two	analogs	of	FST which had variable 
success	that	hovered	around	75%	(Figure	4)	for	gene	flows	of	100	
migrants	per	generation	or	less.	Moreover,	migrate‐n	and	FST	meth-


















&	Toonen,	2011)	 are	 conspicuously	 low.	Our	 combined	 simulation	





Coalescent	methods	provide	a	powerful	 complement	 to	FST	 for	
the	analysis	of	marine	population	genetic	data	(Marko	&	Hart,	2011).	







of	 the	 source	 population	 (Treml	 et	 al.,	 2012),	meaning	 that	marine	
populations	are	an	excellent	approximation	of	the	structured	coales-






icant	FST	 values	 of	 around	 0.002,	 something	 that	 is	 generally	 only	
possible	with	sample	sizes	well	over	100	(Waples,	1998)	and	with	nu-
merous	limiting	assumptions	(Whitlock	&	McCauley,	1999).	It	is	worth	











sitive	 enough	 to	 detect	 population	 structure,	 significant	 genetic	
structure	may	not	be	biologically	meaningful.	Waples	and	Gaggiotti	
(2006)	 identified	 several	 criteria	 for	 biological	 relevance.	 First,	 for	













populations	 that	 are	 demographically	 independent	 of	 one	 another.	
Confirmation	of	this	suggestion	would	require	a	study	with	more	loci,	








but	 two,	 for	which	 a	 simplified	 two‐parameter	 stepping‐stone	was	












and	 inferred	structure	more	 readily	with	 the	empirical	data,	 it	 is	
also	 instructive	 to	 look	 at	 seven	 cases	where	migrate‐n	 did	 not	
detect	IBD.	Of	the	four	species	for	which	migrate‐n	inferred	pan-
mixia,	 we	 know	 that	 one	 of	 them,	 Lutjanus kasmira,	 is	 an	 alien	
invasive	 species	 recently	 introduced	 to	 the	 archipelago	 that	 has	
undergone	 rapid	 population	 growth	 indicative	 of	 the	 source	
population	 rather	 than	 geographic	 structure	 (Gaither,	 Toonen,	
&	Bowen,	2012).	As	 is	often	 inferred	 in	 the	 literature	 for	 results	















et	 al.,	 2016).	 Here,	 we	 have	 shown	 that,	 using	 a	 model‐selection	
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